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(57) ABSTRACT

Techniques for optimizing a delivery time for the delivery of
messages are described. According to various embodiments,
a system determines, for each of a plurality of time intervals,
a likelihood of a particular member of an online social
network service performing a particular member user action
on a particular message content item during the correspond-
ing time interval. The plurality of time intervals are then
ranked, based on the determined likelihoods corresponding
to the plurality of time intervals. Thereafter, a particular time
interval is identified from among the plurality of time
intervals that is associated with a highest ranking. The
particular time interval is then classified as an optimum
personalized message delivery time for the particular mem-
ber.
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1
PERSONALIZED DELIVERY TIME
OPTIMIZATION

TECHNICAL FIELD

The present application relates generally to data process-
ing systems and, in one specific example, to techniques for
optimizing a delivery time for the delivery of messages.

BACKGROUND

Social network services such as LinkedIn® reach out to
many members via email. These emails may contain infor-
mation about news articles, influencer posts, connection
updates, group discussions, marketing content, etc.

BRIEF DESCRIPTION OF THE DRAWINGS

Some embodiments are illustrated by way of example and
not limitation in the figures of the accompanying drawings
in which:

FIG. 1 is a block diagram showing the functional com-
ponents of a social networking service, consistent with some
embodiments of the invention;

FIG. 2 is a block diagram of an example system, accord-
ing to various embodiments;

FIG. 3 illustrates an exemplary digest email, according to
various embodiments;

FIG. 4 is a flowchart illustrating an example method,
according to various embodiments;

FIG. 5 illustrates an exemplary data flow, according to
various embodiments;

FIG. 6 illustrates an example of email content data and a
feature vector containing email content data, according to
various embodiments;

FIG. 7 illustrates an example of member email interaction
data and a feature vector containing member email interac-
tion data, according to various embodiments;

FIG. 8 illustrates an example of member site interaction
data and a feature vector containing member site interaction
data, according to various embodiments;

FIG. 9 illustrates an example of member profile data and
a feature vector containing member profile data, according
to various embodiments;

FIG. 10 is a flowchart illustrating an example method,
according to various embodiments;

FIG. 11 is a flowchart illustrating an example method,
according to various embodiments;

FIG. 12 illustrates an exemplary user interface for adjust-
ing email preferences, according to various embodiments;

FIG. 13 illustrates an exemplary portion of a user inter-
face, according to various embodiments;

FIG. 14 is a flowchart illustrating an example method,
according to various embodiments;

FIG. 15 is a flowchart illustrating an example method,
according to various embodiments;

FIG. 16 illustrates an exemplary e-mail message, accord-
ing to various embodiments;

FIG. 17 illustrates various aspects of a segmented model
approach, according to various embodiments;

FIG. 18 illustrates an exemplary data flow, according to
various embodiments;

FIG. 19 is a flowchart illustrating an example method,
according to various embodiments;

FIG. 20 illustrates an example mobile device, according
to various embodiments; and
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2

FIG. 21 is a diagrammatic representation of a machine in
the example form of a computer system within which a set
of instructions, for causing the machine to perform any one
or more of the methodologies discussed herein, may be
executed.

DETAILED DESCRIPTION

Example methods and systems for optimizing a delivery
time for the delivery of messages are described. In the
following description, for purposes of explanation, numer-
ous specific details are set forth in order to provide a
thorough understanding of example embodiments. It will be
evident, however, to one skilled in the art that the present
invention may be practiced without these specific details.

According to various exemplary embodiments described
herein, an email response prediction system is configured to
predict the likelihood of a user performing a user action on
a particular email content item. For example, the email
response prediction system may predict the likelihood that a
particular member of an online social network service (e.g.,
LinkedIn®) will click on a particular item in a digest email.
As another example, the e-mail response prediction system
may predict the likelihood that a particular member of the
online social network service will access, open, or view any
mail. Accordingly, the email response prediction system
described herein is configured to determine or predict what
emails (or what content within emails) a member of an
online social network service is likely to interact with. This
information may be used by the email response prediction
system to, for example, downshift/filter out certain emails to
members if the email response prediction system determines
that there’s a low likelihood of a click on that email, which
may reduce costs and member annoyance, while dramati-
cally improving click through rate (CTR).

The email response prediction system may include vari-
ous types of component modules including a source module
that encodes raw data from external data sources into feature
vectors, and assembles the feature vectors to generate an
assembled feature vector. In some embodiments, the
assembled feature vector output by the source module may
include various features describing a member of a social
networking website, a particular email content item, a mem-
ber’s email activities, a member’s other activities on the
social networking website, activities of similar members,
activities of a member’s connections, and so on. The
assembled feature vector may then be passed to a prediction
module for predicting whether the particular member will
click on the particular email content item.

The prediction module may use any one of various known
prediction modeling techniques to perform the prediction
modeling. For example, the prediction module may apply a
statistics-based machine learning model such as a logistic
regression model to the features in the assembled feature
vector. For example, the email response prediction system
200 may use an [.2-regularized logistic regression, i.e.,

1 L
EwT-w + C-; log(l +e’y"'wT'X"),

in which the function is minimized as a function of w.
Thus, to improve the user experience, for a given member
and email type or content, an email response prediction
system predicts the response probability (where the response
can be a click, registration or any other activity). With such
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a probability, a number of actions can be taken, including
deciding not to send the email, recommending an un-
subscription, personalizing the email by re-ordering the
contents, portfolio optimization processes (where the e-mail
response prediction system adjusts various aspects of e-mail
distribution to conform to members interests holistically),
and so on.

FIG. 1 is a block diagram illustrating various components
or functional modules of a social network service such as the
social network system 20, consistent with some embodi-
ments. As shown in FIG. 1, the front end consists of a user
interface module (e.g., a web server) 22, which receives
requests from various client-computing devices and com-
municates appropriate responses to the requesting client
devices. For example, the user interface module(s) 22 may
receive requests in the form of Hypertext Transport Protocol
(HTTP) requests, or other web-based, application program-
ming interface (API) requests. The application logic layer
includes various application server modules 14, which, in
conjunction with the user interface module(s) 22, generate
various user interfaces (e.g., web pages) with data retrieved
from various data sources in the data layer. With some
embodiments, individual application server modules 24 are
used to implement the functionality associated with various
services and features of the social network service. For
instance, the ability of an organization to establish a pres-
ence in the social graph of the social network service,
including the ability to establish a customized web page on
behalf of an organization, and to publish messages or status
updates on behalf of an organization, may be services
implemented in independent application server modules 24.
Similarly, a variety of other applications or services that are
made available to members of the social network service
will be embodied in their own application server modules
24.

As shown in FIG. 1, the data layer includes several
databases, such as a database 28 for storing profile data,
including both member profile data as well as profile data for
various organizations. Consistent with some embodiments,
when a person initially registers to become a member of the
social network service, the person will be prompted to
provide some personal information, such as his or her name,
age (e.g., birthdate), gender, interests, contact information,
home town, address, the names of the member’s spouse
and/or family members, educational background (e.g.,
schools, majors, matriculation and/or graduation dates, etc.),
employment history, skills, professional organizations, and
so on. This information is stored, for example, in the
database with reference number 28. Similarly, when a rep-
resentative of an organization initially registers the organi-
zation with the social network service, the representative
may be prompted to provide certain information about the
organization. This information may be stored, for example,
in the database with reference number 28, or another data-
base (not shown). With some embodiments, the profile data
may be processed (e.g., in the background or offline) to
generate various derived profile data. For example, if a
member has provided information about various job titles
the member has held with the same company or different
companies, and for how long, this information can be used
to infer or derive a member profile attribute indicating the
member’s overall seniority level, or seniority level within a
particular company. With some embodiments, importing or
otherwise accessing data from one or more externally hosted
data sources may enhance profile data for both members and
organizations. For instance, with companies in particular,
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4

financial data may be imported from one or more external
data sources and made part of a company’s profile.

Once registered, a member may invite other members, or
be invited by other members, to connect via the social
network service. A “connection” may require a bilateral
agreement by the members, such that both members
acknowledge the establishment of the connection. Similarly,
with some embodiments, a member may elect to “follow”
another member. In contrast to establishing a connection, the
concept of “following™ another member typically is a uni-
lateral operation and, at least with some embodiments, does
not require acknowledgement or approval by the member
that is being followed. When one member follows another,
the member who is following may receive status updates or
other messages published by the member being followed, or
relating to various activities undertaken by the member
being followed. Similarly, when a member follows an orga-
nization, the member becomes eligible to receive messages
or status updates published on behalf of the organization.
For instance, messages or status updates published on behalf
of an organization that a member is following will appear in
the member’s personalized data feed or content stream. In
any case, the various associations and relationships that the
members establish with other members, or with other enti-
ties and objects, are stored and maintained within the social
graph, shown in FIG. 1 with reference number 30.

The social network service may provide a broad range of
other applications and services that allow members the
opportunity to share and receive information, often custom-
ized to the interests of the member. For example, with some
embodiments, the social network service may include a
photo sharing application that allows members to upload and
share photos with other members. With some embodiments,
members may be able to self-organize into groups, or
interest groups, organized around a subject matter or topic of
interest. With some embodiments, the social network service
may host various job listings providing details of job open-
ings with various organizations.

As members interact with the various applications, ser-
vices and content made available via the social network
service, the members’ behaviour (e.g., content viewed, links
or member-interest buttons selected, etc.) may be monitored
and information concerning the member’s activities and
behaviour may be stored, for example, as indicated in FIG.
1 by the database with reference number 32. This informa-
tion may be used to classify the member as being in various
categories. For example, if the member performs frequent
searches of job listings, thereby exhibiting behaviour indi-
cating that the member is a likely job seeker, this informa-
tion can be used to classify the member as a job seeker. This
classification can then be used as a member profile attribute
for purposes of enabling others to target the member for
receiving messages or status updates. Accordingly, a com-
pany that has available job openings can publish a message
that is specifically directed to certain members of the social
network service who are job seekers, and thus, more likely
to be receptive to recruiting efforts. With some embodi-
ments, the social network system 20 includes what is gen-
erally referred to herein an email response prediction system
200. The email response prediction system 200 is described
in more detail below in conjunction with FIG. 2.

Although not shown, with some embodiments, the social
network system 20 provides an application programming
interface (API) module via which third-party applications
can access various services and data provided by the social
network service. For example, using an API, a third-party
application may provide a user interface and logic that
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enables an authorized representative of an organization to
publish messages from a third-party application to a content
hosting platform of the social network service that facilitates
presentation of activity or content streams maintained and
presented by the social network service. Such third-party
applications may be browser-based applications, or may be
operating system-specific. In particular, some third-party
applications may reside and execute on one or more mobile
devices (e.g., phone, or tablet computing devices) having a
mobile operating system.

Turning now to FIG. 2, an email response prediction
system 200 includes a source module 202, a prediction
module 204, an email management module 206, and a
database 208. The modules of the email response prediction
system 200 may be implemented on or executed by a single
device such as a response prediction device, or on separate
devices interconnected via a network. The aforementioned
response prediction device may be, for example, a client
machine or application server.

Briefly, the source module 202 is configured to access
various data, including email content data describing a
particular email content item and member email interaction
data describing a particular member’s interactions with
various email content. The source module 202 also encodes
the data accessed from the external data sources into one or
more feature vectors, and assembles the one or more feature
vectors to thereby generate an assembled feature vector (see
FIG. 5). Thereafter, the prediction module 204 performs a
prediction modeling process based on the assembled feature
vector and a prediction model to predict a likelihood of a
particular member performing a particular user action on a
particular email content item (e.g., the email content item
described by the raw email content data). The prediction
module 204 may use any one of various known prediction
modeling techniques to perform the prediction modeling.
For example, the prediction module 204 may apply a sta-
tistics-based machine learning model such as a logistic
regression model to the assembled feature vector.

FIG. 5 illustrates a schematic view of a data flow with
regards to portions of the email response prediction system
200. As illustrated in FIG. 5, the source module 202 may
extract or fetch more features or raw data located at external
data source(s) 50a-50c. In some embodiments, the external
data sources 50a-50c may correspond to remote data storage
facilities, data repositories, Web servers, etc., that are acces-
sible by the source modules 202 via a network (e.g., the
Internet). According to various embodiments, the raw fea-
tures may be any type of information that may be used to
predict the likelihood that a particular member will perform
a particular user action on a particular email content item.
For example, the source modules 202 may access email
content data describing a particular email content item and
member email interaction data describing a particular mem-
ber’s interactions with various email content, as described in
more detail below.

In some embodiments, the term “email content item”
refers to an email of a particular type, such as a network
connection update e-mail, a news update e-mail, a jobs
update e-mail, an influencer post update e-mail, a company
update e-mail, a group update e-mail, and a university
update e-mail. In some embodiments, the email type is a
digest e-mail associated with an online social network
service (see FIG. 3), the digest e-mail including at least one
of network connection update information, news update
information, jobs update information, influencer post update
information, company update information, group update
information, university update information. In some
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embodiments, the term “email content item” refers to con-
tent included within an email (e.g., a digest email), such as
network update information, Influencer update information,
jobs update information, groups update information, univer-
sities update information, companies update information,
etc. In some embodiments, the email content item may be an
advertisement, offer, promotion, coupon, special, deal, an
article, a news item, a blog post, and so on, included in an
email or another notification (e.g., text message, instant
message, chat message, etc.).

In some embodiments, the user action may be a click
response, a non-click response, a hover response (e.g., the
user causes a mouse cursor to hover over the email content
item for a predetermined period of time), an unsubscribe
response, a conversion response (e.g., the user selects an
advertisement or offer in the email and completes a trans-
action based on the advertisement), a like response (e.g., the
member likes the item), a comment response (e.g., the
member comments on the item), a share response (e.g., the
member shares the item), a follow response (e.g., the mem-
ber follows the items), a rating response (e.g., the member
rates the email content item, based on a range of rating
options displayed in conjunction with the email content
item), and so on.

In some embodiments, the email content data accessed by
the source module 202 specifies an email type, email format,
email title, email keywords, and email image, email content
item rendering information (e.g., various rendering charac-
teristics of an email content item with respect to the appear-
ance of the email content item, such as email format, email
size/shape, email image characteristics, email color charac-
teristics, email border/frame characteristics, email title font
size, email title font type, email keyword font size, email
keyword font type, etc.), and so on. The external data source
from which such raw email content data may be accessed
may be a database, data repository, storage facility, Web
server, etc., associated with the social network service such
as LinkedIn® or Facebook®. For example, FIG. 6 illustrates
an example of e-mail content data 600 that may be accessed
by the source module 202 and encoded into a feature vector.
In particular, the email content data 600 identifies email
type, email format, email title, email keywords, and email
image, etc., for a given email. Thus, the source module 202
may encode the aforementioned email content data 600 into
one or more feature vectors 501, which may be then be
included in the final assembled feature vector 510 that is
passed to the prediction module 204 (e.g., see FIG. 5).

According to various exemplary embodiment, the super-
vised-learning model performed by the prediction module
204 may take into account features related to the member’s
email activities (how many emails were sent out for each
type and how many clicks were received, or if the member
has unsubscribed from any types of emails, etc.). For
example, the source module 202 may access, from a data
source (e.g., data sources 50a-50¢ in FIG. 5), member e-mail
interaction data describing a history of the member’s inter-
action with various e-mail content items for various types of
emails (network connection update e-mail, a news update
e-mail, etc.). In some embodiments, the member email
interaction data may indicate a quantity of various email
types transmitted to the particular member (e.g., over a given
time interval), a quantity of clicks submitted by the particu-
lar member in conjunction with the various email types (e.g.,
over a given time interval), a quantity of email unsubscribe
requests submitted by the particular member in conjunction
with the various email types (e.g., over a given time inter-
val). For example, FIG. 7 illustrates an example of member
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e-mail interaction data 700 that may be accessed by the
source module 202 and encoded into a feature vector 502. In
particular, the member e-mail interaction data 700 identifies
how many of a first type of e-mail and the user has received
(e.g., over a given time period), how many of the first type
of e-mail to the user has clicked on (e.g., over a given time
interval), whether or not the user has unsubscribed from the
first type of e-mail (e.g., during a given time interval), and
so on for other types of e-mails. Thus, the source module
202 may encode the aforementioned member e-mail inter-
action data 700 into one or more feature vectors 502, which
may be then included in the final assembled feature vector
510 that is passed to the prediction module 204 (e.g., see
FIG. 5).

According to various exemplary embodiments, the super-
vised learning model performed by the prediction module
204 may take into account features related to the member’s
other activities on the site (page views, likes, the volume and
type of the content consumed, the searches conducted on the
site, etc.). For example, the source module 202 may access,
from a data source (e.g., data sources 50a-50¢ in FIG. 5),
member site interaction data describing the particular mem-
ber’s interaction with various features or content of an
online social network service. In some embodiments, the
member site interaction data may indicate a quantity of
various user actions (e.g., views, impressions, likes, com-
ments, shares, follows, posts, etc.) performed by the par-
ticular member in association with the various features,
products, or content, associated with an online social net-
work service (e.g., a content feed, a people you may know
user interface, a search user interface, a jobs page, a member
profile page, a company’s page, a groups page, an Influenc-
ers page, a university page, etc., on LinkedIn). For example,
FIG. 8 illustrates an example of member site interaction data
800 that may be accessed by the source module 202 and
encoded into a feature vector 503. In particular, the member
e-mail interaction data 800 identifies how many times the
user has performed a particular user action (e.g., views,
impressions, likes, comments, shares, follows, posts, etc.) in
conjunction with the particular product feature (e.g., during
a given time interval). Thus, the source module 202 may
encode the aforementioned member site interaction data 800
into one or more feature vectors 503, which may be then
included in the final assembled feature vector 510 that is
passed to the prediction module 204 (e.g., see FIG. 5).

The member email interaction data and member site
interaction data may be stored in a server or similar storage
facility (e.g., database, data repository, etc.), and may cor-
respond to member interaction history or behaviour history
associated with an account of the member on a social
network service such as LinkedIn® or Facebook®. For
example, the member email interaction data and member site
interaction data may correspond to the profile data, social
graph data, and/or member activity and behaviour data
stored in the databases 28, 30 and 32 of social network
system 20 illustrated in FIG. 1. Accordingly, the external
data source from which such raw member data may be
accessed may be a database, data repository, storage facility,
Web server, etc., associated with a social network service
such as LinkedIn® or Facebook®.

According to various exemplary embodiments, the mem-
ber email interaction data and/or member site interaction
data may include context data or context features describing
a potential or actual context in which a particular member
may interact with a particular email content item or site
product. Examples of raw context data include time, date,
hour of day, day of week, hour of week, Internet Protocol

10

15

20

25

30

35

40

45

50

55

60

65

8

(IP) address, current user geo-location information, whether
the email is accessed via a mobile device (e.g., smartphone
or tablet) or a non-mobile device (e.g., desktop), the channel
through which the email content item is displayed (e.g.,
email application, web-accessible email, SMS or MMS text
message, instant chat message, In-mail service on Linke-
dIn®, Messenger service on Facebook®, etc.), browser data
describing a browser utilized to render email content (e.g.,
browser model, browser brand, browser capabilities,
browser version, etc.), and so on.

According to various exemplary embodiments, the super-
vised learning model performed by the prediction module
204 may take into account member profile data related to the
member (e.g., member profile attributes). For example, the
source module 202 may access, from a data source (e.g., data
sources 50a-50c in FIG. 5), member profile data describing
a particular member, including gender, age, current location,
previous locations, industry, education, alma mater, current
job, current employer, previous jobs, previous employers,
experience, skills, number of connections, endorsements,
seniority level, company size, identity of connections, net-
works, groups, interests, preferences, hobbies, purchase
history, browsing history, ethnicity, sexual orientation, and
so on. For example, FIG. 9 illustrates an example of member
profile data 900 that may be accessed by the source module
202 and encoded into a feature vector 504, which may be
then included in the final assembled feature vector 510 that
is passed to the prediction module 204 (e.g., see FIG. 5). The
raw member profile data may be stored in a server or similar
storage facility (e.g., database, data repository, etc.), and
may correspond to member profile data or member attributes
associated with an account of the member on a social
network service such as LinkedIn® or Facebook®. For
example, the raw member profile data may correspond to the
profile data, social graph data, and/or member activity and
behaviour data stored in the databases 28, 30 and 32 of social
network system 20 illustrated in FIG. 1. Accordingly, the
external data source from which such raw member data may
be accessed may be a database, data repository, storage
facility, Web server, etc., associated with a social network
service such as LinkedIn® or Facebook®.

According to various exemplary embodiments, the super-
vised learning model performed by the prediction module
204 may take into account various features related to the
member connections of the particular member on the online
social network service. For example, the source module 202
may extract various types of data described above (e.g.,
member profile data, member e-mail interaction data, mem-
ber site interaction data, etc.) that are associated with the
member’s connections. In some embodiments, the source
module 202 may access such information associated with
one or more member connections having a certain degree of
connectedness with the particular member (e.g., first-degree
only, or first and second degree connections only, etc.). In
some embodiments, the source module 202 may access
information associated with one or more member connec-
tions that have interacted with the particular member to a
certain extent degree (e.g., exchanged a threshold number of
messages, posts, recommendations, endorsements, etc., with
the particular member), and so on. Thus, the source module
202 may encode the aforementioned data into one or more
feature vectors 505, which may be then included in the final
assembled feature vector 510 that is passed to the prediction
module 204 (e.g., see FIG. 5). In a case where features for
a single member connection are utilized, the source module
202 may generate a feature vector for the data (e.g., the
member site interaction data) for a single member connec-



US 9,473,446 B2

9

tion for insertion into the assembled feature vector. In a case
where features from multiple member connections are uti-
lized, the source module 202 may generate a separate feature
vector for the data (e.g., the member site interaction data) of
each member connection for insertion into the assembled
feature vector, or the source module 202 may generate a
single feature vector for the data (e.g., the member site
interaction data) of all the member connections (e.g., based
on average, median, mean, etc., values) for insertion into the
assembled feature vector. In some embodiments, the activity
of'the member connections may be weighted by the strength
of the connection. For example, if the source module 202
determines that a given member connected to the particular
member has a strong relationship with the particular member
(e.g., based on the exchange of a threshold number of
messages, posts, recommendations, endorsements, etc., with
the particular member), then the source module 202 may
weigh the data associated with this member connection more
than the data associated with another member connection.

According to various exemplary embodiments, the super-
vised learning model performed by the prediction module
204 may take into account various features related to mem-
bers of the online social network service that are similar to
the particular member. For example, the source module 202
may extract various types of data described above (e.g.,
member profile data, member e-mail interaction data, mem-
ber site interaction data, etc.) that are associated with similar
members. The source module 202 may determine similar
members based on similarities in the member profile data of
various members (e.g. members that have the same/similar
titles, seniority levels, etc., or work in the same industry,
function area, etc.), as well as similarities based on other
member activities (e.g., member site interaction data, mem-
ber e-mail interaction data, etc.), or based on similarities in
the connections of the members, and so on. Thus, the source
module 202 may encode the features of similar members
into one or more feature vectors 506, which may be then
included in the final assembled feature vector 510 that is
passed to the prediction module 204 (e.g., see FIG. 5). In a
case where features for a single similar member are utilized,
the source module 202 may generate a feature vector for the
data (e.g., the member site interaction data) for a single
similar member for insertion into the assembled feature
vector. In a case where features from multiple similar
members are utilized, the source module 202 may generate
a separate feature vector for the data (e.g., the member site
interaction data) of each similar member for insertion into
the assembled feature vector, or the source module 202 may
generate a single feature vector for the data (e.g., the
member site interaction data) of all the similar members
(e.g., based on average, median, mean, etc., values) for
insertion into the assembled feature vector. In some embodi-
ments, the activity of the member connections may be
weighted by how similar the member is to the particular
member. For example, if the source module 202 determines
that a similar member is very similar to a particular member
(e.g., based on a close match between the member profile
attributes of the similar member and the particular member),
then the source module 202 may weight the data associated
with this similar member more than the data associated with
another member that is not as similar to the particular
member.

In some embodiments, the features associated with one or
more similar members or member connections of the par-
ticular member (consistent with various embodiments
described above) may replace the features associated with
the particular member of themselves. For example, the
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features associated with similar members or member con-
nections may be inserted into the feature vectors 502-504.

As described above, the source module 202 encodes the
data accessed from the external data sources into one or
more feature vectors 501-506, and assembles the one or
more feature vectors to thereby generate an assembled
feature vector 510 (see FIG. 5). As understood by those
skilled in pattern recognition and machine learning, a feature
vector is an n-dimensional vector of numerical features that
represent some object. According to various exemplary
embodiments, the source module 202 may access a configu-
ration file (e.g., in database 208) specifying raw data encod-
ing rules that describe how the rotator is to be encoded into
the feature vectors. An example of a raw data encoding rule
is: a particular member feature F located at storage location
L of the external data source S is to be inserted into position
X of a member feature vector M. Accordingly, with refer-
ence to FIGS. 5-9, the configuration file may specify how the
source module 202 is to encode member e-mail interaction
features into a member e-mail interaction feature vector 502,
member site interaction features into a member site inter-
action feature vector 503, member profile features into a
member profile feature vector 504, and so on.

As described above, the prediction module 204 performs
a prediction modeling process based on the assembled
feature vector 510 and a prediction model to predict a
likelihood (e.g., the probability) of the particular member
performing a particular user action (e.g., click) on the
particular email content item (e.g., a particular type of
e-mail).

The prediction module may use any one of various known
prediction modeling techniques to perform the prediction
modelling process. For example, according to various exem-
plary embodiments, the prediction module may perform the
prediction modeling process based on a statistics-based
machine learning model such as a logistic regression model.

As understood by those skilled in the art, logistic regres-
sion is an example of a statistics-based machine learning
technique that uses a logistic function. The logistic function
is based on a variable, referred to as a logit. The logit is
defined in terms of a set of regression coefficients of
corresponding independent predictor variables. Logistic
regression can be used to predict the probability of occur-
rence of an event given a set of independent/predictor
variables. A highly simplified example machine learning
model using logistic regression may be In [p/(1-p)|=a+BX+
e, or [p/(1-p)|=exp(a+BX+e), where 1n is the natural loga-
rithm, log,,,,, where exp=2.71828 . . . , p is the probability
that the event Y occurs, p(Y=1), p/(1-p) is the “odds ratio”,
In [p/(1-p)] is the log odds ratio, or “logit”, a is the
coeflicient on the constant term, B is the regression coeffi-
cient(s) on the independent/predictor variable(s), X is the
independent/predictor variable(s), and e is the error term.

The independent/predictor variables of the logistic regres-
sion model are the attributes represented by the assembled
feature vectors described throughout. The regression coef-
ficients may be estimated using maximum likelihood or
learned through a supervised learning technique from data
collected in logs or calculated from log data, as described in
more detail below. Accordingly, once the appropriate regres-
sion coeflicients (e.g., B) are determined, the features
included in the assembled feature vector may be plugged in
to the logistic regression model in order to predict the
probability that the event Y occurs (where the event Y may
be, for example, whether the particular member clicks on the
particular email content item in the particular context). In
other words, provided an assembled feature vector including
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various features associated with a particular member, a
particular email content item, a member’s email activities, a
member’s other activities on an online social network ser-
vice website, and so on, the assembled feature vector may be
applied to a logistic regression model to determine the
probability that the particular member will respond to the
particular email content item in a particular way (e.g., click).
Logistic regression is well understood by those skilled in the
art, and will not be described in further detail herein, in order
to avoid occluding various aspects of this disclosure.

The prediction module may use various other prediction
modeling techniques understood by those skilled in the art to
predict whether a particular member will click on a particu-
lar email content item. For example, other prediction mod-
eling techniques may include other machine learning models
such as a Naive Bayes model, a support vector machines
(SVM) model, a decision trees model, and a neural network
model, all of which are understood by those skilled in the art.

According to various exemplary embodiments, the email
response prediction system may be used for the purposes of
both off-line training (for generating, training, and refining
a prediction model) and online inferences (for predicting
whether a particular member will click on a particular email
content item, based on a prediction model).

For example, if the prediction module 204 is utilizing a
logistic regression model (as described above), then the
regression coeflicients of the logistic regression model may
be learned through a supervised learning technique from
data collected in logs or calculated from log data. Accord-
ingly, in one embodiment, the email response prediction
system 200 may operate in an off-line training mode by
assembling log data into assembled feature vectors. For
example, whenever a member of a social network service
performs a particular user action on a particular email
content item, various information describing aspects of this
interaction (e.g., information describing the member, infor-
mation describing the email content item, etc.) may be
stored as entries in an interaction log. Over time, the log data
may include millions or even billions of entries, representing
interactions between different members and different email
content items. Accordingly, the email response prediction
system may access, for example, all the log entries in the
past 30 days where various members performed various user
actions (e.g., a click or a non-click) on various email content
items, and the email response prediction system may convert
each of these log entries into an assembled feature vector,
based on the various embodiments described herein. For the
purposes of training the system 200, the system 200 gener-
ally needs both positive training examples of where users
performed an action (e.g., click), as well as negative training
examples of where users did not perform the action (e.g.,
non-click). The assembled feature vectors (e.g., the
assembled feature vector 510 illustrated in FIG. 5) may then
be passed to the prediction module, in order to refine
regression coefficients for the logistic regression model. For
example, statistical learning based on the Alternating Direc-
tion Method of Multipliers technique may be utilized for this
task.

Thereafter, once the regression coefficients are deter-
mined, the email response prediction system 200 may oper-
ate to perform online inferences based on the trained model
(including the trained model coefficients) on a single
assembled feature vector. For example, according to various
exemplary embodiments described herein, the email
response prediction system 200 is configured to predict the
likelihood that a particular member will perform a particular
user action for various email content items, in order to
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determine which of the various email content items should
be displayed to the particular member in the particular
context. For example, suppose an online social network
service is attempting to determine what type of email (or
content within an email) should be sent to a user John Smith.
The email response prediction system 200 may predict the
likelihood that the particular member John Smith will click
on various email content items, such as email content item
E1, E2, E3, etc., given the particular context. Thereafter, the
email response prediction system 200 may rank the email
content items E1, E2, E3, etc., based on how likely it is that
the user will perform the user action (e.g., click) on each of
the email content items given the particular context. For
example, if the likelihood that the member will click on E1
and E3 is low, but the likelihood that the member will click
on E2 is high, then email content item E2 may be ranked
higher than E1 and E3. Accordingly, the email response
prediction system 200 may determine that E2 should be
displayed to the member instead of E1 or E3, or that E2
should be displayed higher (or more prominently) than E1 or
E3, since the prediction module 204 has determined that the
member is more likely to click on E2 than E1 or E3.
Accordingly, this online inference process may be per-
formed whenever an email is to be transmitted to a member
and a determination is to be made as to what content should
be displayed in the email.

FIG. 4 is a flowchart illustrating an example method 400,
according to various exemplary embodiments. The method
400 may be performed at least in part by, for example, the
email response prediction system 200 illustrated in FIG. 2
(or an apparatus having similar modules). Operations 401-
404 in the method 400 will now be described briefly. In
operation 401, the source module 202 accesses email con-
tent data describing a particular email content item and
member email interaction data describing a particular mem-
ber’s interactions with various email content. In operation
402, the source module 202 encodes the data accessed from
the external data sources into one or more feature vectors. In
operation 403, the source module 204 assembles the one or
more feature vectors to thereby generate an assembled
feature vector (see FIG. 5). Finally, in operation 404, the
prediction module 204 performs a prediction modeling
process based on the assembled feature vector and a pre-
diction model to predict a likelihood of a particular member
(e.g., the member described in the raw member data) per-
forming a particular user action on a particular email content
item (e.g., the email content item described by the raw email
content data). The prediction module 204 may use any one
of various known prediction modeling techniques to perform
the prediction modeling. For example, the prediction module
204 may apply a statistics-based machine learning model
such as a logistic regression model to the assembled feature
vector. Each of the aforementioned operations 401-404, and
each of the aforementioned modules of the email response
prediction system 200, will now be described in greater
detail.

FIG. 10 is a flowchart illustrating an example method
1000, consistent with various embodiments described
above. The method 1000 may be performed at least in part
by, for example, the email response prediction system 200
illustrated in FIG. 2 (or an apparatus having similar mod-
ules, such as client machines 110 and 112 or application
server 118 illustrated in FIG. 1). In operation 1001, the
source module 202 identifies similar members of the online
social network service that are similar to the particular
member. In some embodiments, the similar members may be
identified by: accessing member profile data associated with
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the particular member; and determining a match between
member profile data associated with the similar members
and the accessed member profile data associated with the
particular member. In other embodiments, the similar mem-
bers may be identified by similarities based on other member
activities (e.g., member site interaction data, member e-mail
interaction data, etc.), or based on similarities in the con-
nections of the members, and so on. In operation 1002, the
source module 202 accesses at least one of member profile
data, member email interaction data, and member site inter-
action data associated with the one or more similar mem-
bers. In operation 1003, the source module 202 inserts at
least one of the member profile data, the member email
interaction data, and the member site interaction data asso-
ciated with the one or more similar members into the
assembled feature vector. It is contemplated that the opera-
tions of method 1000 may incorporate any of the other
features disclosed herein.

FIG. 11 is a flowchart illustrating an example method
1100, consistent with various embodiments described above.
The method 1100 may be performed at least in part by, for
example, the email response prediction system 200 illus-
trated in FIG. 2 (or an apparatus having similar modules,
such as client machines 110 and 112 or application server
118 illustrated in FIG. 1). In operation 1101, the source
module 202 identifies member connections that are con-
nected to the particular member via the online social net-
work service. In operation 1102, the source module 202
accesses at least one of member profile data, member email
interaction data, and member site interaction data associated
with the one or more member connections. In operation
1103, the source module 202 inserts at least one of the
member profile data, the member email interaction data, and
the member site interaction data associated with the one or
more member connections into the assembled feature vector.
It is contemplated that the operations of method 1100 may
incorporate any of the other features disclosed herein.

In some embodiments, after the prediction module 204
determines the likelihood that a particular member performs
a particular user action (e.g., clicks, opens, views, etc.) on an
e-mail content item (e.g., a particular type of e-mail such as
a network update e-mail, jobs update e-mail, a news update
e-mail, etc.), the email management module 206 of the email
response prediction system 200 may compare the likelihood
with various predetermined thresholds, in order to adjust,
downshift, or refine the quantity, frequency, and type of
e-mails being transmitted to the particular member.

In some embodiments, if the predicted likelihood is lower
than a predetermined threshold (e.g., indicating that the
particular member is not likely to click on that e-mail
content item), then the email management module 206 may
reduce the distribution of that type of e-mail content item to
the particular member. For example, in some embodiments,
the email management module 206 may adjust e-mail pref-
erence settings associated with the particular member (e.g.,
see FIG. 12) to cause the reduction in the distribution of that
particular type of e-mail content item to the particular
member. For example, in some embodiments, the email
management module 206 may reduce the frequency of that
particular type of e-mail from being transmitted to the
member (e.g., from daily to weekly or monthly, etc.). In
some embodiments, the email management module 206 may
temporarily prevent that e-mail type from being transmitted
to the member (e.g., the email management module 206 may
prevent the next X e-mails of that type from being trans-
mitted to the member, or the email management module 206
may prevent that e-mail type from being transmitted to the
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member for a given time period, such as the next week, or
month, or six months, etc.). In some embodiments, the email
management module 206 may automatically unsubscribe the
user from that type of e-mail. In some embodiments, the
email management module 206 may reduce a quantity of
that e-mail content item within an e-mail message (e.g., only
2 news items per e-mail instead of 10 news items per
e-mail). The 206 may reduce this quantity of e-mail content
type either temporarily or indefinitely (e.g., until the user
changes the appropriate settings in their e-mail preference
settings).

In the case of a digest e-mail (which may include network
updates, news updates, influencer posts, group updates, etc.),
if the prediction module 204 determines that the likelihood
that the particular member will perform the user action on
that e-mail content item is lower than a specific threshold,
then the email management module 206 may reduce the
distribution of that particular e-mail content item in the
digest e-mails. For example, the email management module
206 may remove the e-mail content type from the digest
e-mail indefinitely (e.g., until the user changes the appro-
priate settings in their e-mail preference settings). As another
example, the email management module 206 may remove
the e-mail content type from the digest e-mail temporarily
(e.g., for the next X digest e-mails, or for a given time
period, such as the next week, or month, or six months, etc.).
As another example, the email management module 206
may reduce a quantity of that e-mail content item within the
digest e-mail message (e.g., only two news items per digest
e-mail instead of 10 news items per digest e-mail). As
another example, the email management module 206 may
reorder the contents of the digest email, placing email
content item lower or less prominently in the digest email.

In some embodiments, if the likelihood is higher than a
predetermined threshold (e.g., indicating that the particular
member is likely to click on that e-mail content item), then
the email management module 206 may maintain or increase
the distribution of that type of e-mail content item to the
particular member. For example, in some embodiments, the
email management module 206 may adjust e-mail prefer-
ence settings associated with the particular member (e.g., see
FIG. 12) to cause the increase in the distribution of that
particular type of e-mail content item to the particular
member. For example, in some embodiments, the email
management module 206 may maintain or increase the
frequency of that particular type of e-mail from being
transmitted to the member (e.g., from monthly to weekly or
daily, etc.). In some embodiments, the email management
module 206 may automatically subscribe the user for dis-
tribution of that type of e-mail (e.g., if the user was not
already subscribed to that type of e-mail). In some embodi-
ments, the email management module 206 may increase a
quantity of that e-mail content item within an e-mail mes-
sage (e.g., from 2 news items per e-mail instead to 10 news
items per e-mail). The 206 may increase this quantity of
e-mail content type either temporarily or indefinitely (e.g.,
until the user changes the appropriate settings in their e-mail
preference settings).

In the case of a digest e-mail (which may include network
updates, news updates, influencer posts, group updates, etc.).
In such cases, if the prediction module 204 determines that
the likelihood that the particular member will perform the
user action on that e-mail content item is higher than a
specific threshold, then the email management module 206
may maintain or increase the distribution of that particular
e-mail content item in the digest e-mails. For example, the
email management module 206 may include that email
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content item type in the digest emails to the member (e.g.,
if this was not already the case). As another example, the
email management module 206 may increase a quantity of
that e-mail content item within the digest e-mail message
(e.g., from two news items per digest e-mail to 10 news
items per digest e-mail). As another example, the email
management module 206 may reorder the contents of the
digest email, placing email content item higher or more
prominently in the digest email.

In some embodiments, the email response prediction
system may be utilized for portfolio optimization processes
(e.g., where the e-mail response prediction system adjusts
various aspects of e-mail distribution to conform to mem-
bers interests holistically). For example, the prediction mod-
ule 204 may utilize the calculated likelihoods for the pur-
poses of e-mail portfolio optimization by placing more or
less restrictions on the amounts, type, characteristics, and so
on, e-mails sent to one or more members of an online social
network. For example, the prediction module 204 may limit
the total number of e-mails per member, and/or maintain a
global click through rate (CTR) across all e-mails or e-mails
of a particular type, and/or limit a number of e-mails sent to
members per e-mail type (e.g., job-related e-mails), and so
on. Thus, the email response prediction system may adjust
the frequency of email distribution via thresholds (as
described elsewhere herein) or via a more holistic approach
where a number of parameters can be optimized simultane-
ously, or a number of different constraints can be enforced
simultaneously. In particular, in some embodiments, the
e-mail response prediction system may generate and main-
tain e-mail portfolio optimization information per member.
For example, based on particular member’s interests and
inferred intent, the system 200 may choose a set of e-mails
every week to send to a member. As another example, the
system 200 may make sure that the particular member does
not receive more than five e-mails per week (and based on
this constraint, the system 200 may either upshift or down-
shift the number of emails sent to the member, but will make
sure they receive the most relevant e-mails). Another
example of a constraint is that whomever receives email
type 1 doesn’t get e-mail type 2, and so on. Thus, it is
understood that the system 200 may utilize a more holistic
approach where different types of constraints may be
enforced simultaneously.

In some embodiments, when the email management mod-
ule 206 adjusts the e-mail settings of a member (e.g.,
reducing or preventing the distribution of certain e-mail type
to a member), the email management module 206 may
display a prompt informing the user that the e-mail settings
have been changed (e.g., see FIG. 13) and allowing the user
to reject the change. In other embodiments, the email
management module 206 may automatically adjust e-mail
settings of the member (consistent with various embodi-
ments described herein), without displaying the aforemen-
tioned prompt or the user. In some embodiments, the email
management module 206 may request user authorization to
adjust the e-mail settings of the member (e.g., via a query
prompt displayed in the user interface), before proceeding to
adjust e-mail settings of the member.

According to various exemplary embodiments, the email
response prediction system 200 may display the user inter-
face allowing a member to adjust their e-mail preferences/
settings. For example, the email management module 206
may display the user interface 1200 illustrated in FIG. 12. As
illustrated in FIG. 12, the email management module 206
may display a prompt indicating that the email management
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module 206 has automatically adjusted the e-mail prefer-
ences of the user, consistent with various embodiments
described herein.

FIG. 14 is a flowchart illustrating an example method
1400, consistent with various embodiments described
above. The method 1400 may be performed at least in part
by, for example, the email response prediction system 200
illustrated in FIG. 2 (or an apparatus having similar mod-
ules, such as client machines 110 and 112 or application
server 118 illustrated in FIG. 1). In operation 1401, the email
management module 206 determines that the likelihood of
the particular member performing the particular user action
on the particular email content item is lower than a prede-
termined threshold. In operation 1402, the email manage-
ment module 206 reduces a distribution of the particular
email content item to the particular member. In some
embodiments, the email management module 206 may
update email preference settings associated with the particu-
lar member, the updated email preference settings specifying
a reduced quantity or frequency of the particular email
content item for distribution to the particular member. For
example, the email management module 206 may reduce a
quantity of the particular email content item included in an
e-mail for distribution to the particular member. As another
example, the email management module 206 may reduce a
frequency of the particular email content item for distribu-
tion to the particular member. As another example, the email
management module 206 may temporarily prevent the par-
ticular email content item from being distributed to the
particular member. As another example, the email manage-
ment module 206 may unsubscribe the particular member
from a distribution of the particular email content item. Each
of the aforementioned results may be associated with a
different predetermined threshold (e.g., if the likelihood is
less than a first higher threshold, then temporarily prevent
the member for receiving that e-mail content item, resident
likelihood is less than a second lower threshold, then auto-
matically unsubscribed the particular member from distri-
bution of that particular e-mail content item). It is contem-
plated that the operations of method 1400 may incorporate
any of the other features disclosed herein.

FIG. 15 is a flowchart illustrating an example method
1500, consistent with various embodiments described
above. The method 1500 may be performed at least in part
by, for example, the email response prediction system 200
illustrated in FIG. 2 (or an apparatus having similar mod-
ules, such as client machines 110 and 112 or application
server 118 illustrated in FIG. 1). In operation 1501, the
source module 202 determines that the likelihood of the
particular member performing the particular user action on
the particular email content item is greater than a predeter-
mined threshold. In operation 1502, the source module 202
increases a distribution of the particular email content item
to the particular member. For example, in some embodi-
ments, the email management module 206 may increase a
quantity of the particular email content item included in an
e-mail for distribution to the particular member. As another
example, the email management module 206 may increase
a frequency of the particular email content item for distri-
bution to the particular member. Each of the aforementioned
results may be associated with a different predetermined
threshold (e.g., if the likelihood is greater than a first lower
threshold, then increase the quantity of the e-mail content
item in a digest e-mails, and if the likelihood is greater than
a second higher threshold, then increase the frequency of the
particular e-mail content item for distribution to the particu-
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lar member). It is contemplated that the operations of
method 1500 may incorporate any of the other features
disclosed herein.

In some embodiments, the system 200 may take into
account a relevance of the email content, considering the
member’s profile (skills, past experience, seniority level,
function area etc.). In some embodiments, for the represen-
tation of the features, the system 200 use a number of
techniques, including computing confidence intervals based
on historical actions (depending on their distribution, e.g.,
binomial distribution, etc.) and use the boundary values as
features.

As described in various embodiments above, some
e-mails (such as personalized digest e-mails) may include
various types of content therein. In some embodiments, a
particular e-mail (such as a digest e-mail) may include a
specific portion of content (e.g., at the bottom of the e-mail)
that may be referred to as “promotion content” or “sample
content” that displays information about a particular product
or service, such as a product or service associated with an
online social network service (e.g., a “people you may
know”, “a network update stream” product on the LinkedIn
social network service). Thus, the promotion content may be
similar to an advertisement and may be configured to
promote (or provide a user with a sample of) different types
of products and services of the online social network service.
For example, FIG. 16 illustrates an exemplary e-mail 1600
(e.g., digest e-mail), where the e-mail 1600 includes a main
portion 1601 with one or more pieces of content, as well as
a lower portion 1602 that includes promotion content 1603.
Such promotion content may be included in any type of
e-mail, such as network update e-mails, content to digest
e-mails, group digest e-mails, and so on, in order to encour-
age users to become engaged with various products on
LinkedIn or another website or service. It is understood that
an email may include multiple instances of promotion
content anywhere in the email (and not necessarily at the
bottom of the email).

Accordingly, the framework and techniques described in
various embodiments herein may be utilized to find what
piece of promotion content makes more sense for each
e-mail and/or for each user. More specifically, the e-mail
response prediction system may be utilized to determine the
particular type and form of promotion content 1603 that is
most appropriate to include in a particular e-mail having
other types of content, consistent with various embodiments
described herein. For example, the e-mail content response
prediction system may predict that, if the member is more
likely to be engaged with this type of product, the system
200 may determine that promotion content related to that
type of product should be included in the e-mail. As another
example, if the email content response prediction system
determines that users viewing emails already including
content types A, B, and C are more likely to be interested in
content related to D, but not content related to E, the system
200 may choose promotion content related to D as appro-
priate. More specifically, for a given slot/position in given
e-mail type, the e-mail response prediction system is con-
figured to rank n number of external sources of content (that
were not originally part of that e-mail) and to choose one or
more of the external sources of content to be displayed as the
promotion content 1603, as illustrated in FIG. 16. And
depending on the type of e-mail or the content included in
the email, this ranked list will change. For example, some-
times a particular piece of promotion content will not make
sense a given type of e-mail (e.g., if other more detailed
content related to the same product is already included in the
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email). Thus, it is understood that various embodiments
described here may be applied to selecting promotion con-
tent to include in an e-mail.

As described above, various features, such as email
activities, other activities on site (e.g., page views, searches,
etc.), social network activities, context (hour of day, mobile,
geo, etc.), member profile data, member connections, similar
members features, and so on, may be tied into and defined
in feature vectors. In alternative embodiments, the system
200 may not necessarily use all of the features as part of a
vector, and instead may utilize them in a slightly different
manner, such as to train different models in a segmented
model approach. This may be advantageous because it is
possible that there are some features that change the model
behavior dramatically. For example, suppose the behavior of
jobseekers may be dramatically different from that of other
users on LinkedIn®. Accordingly, if the system 200 trains a
model using examples only from job seekers, the model
behavior may be highly specialized because the behavior of
jobseekers is, in this example, dramatically different from
that of other members. But if the system 200 includes both
job seekers and non-job seekers together, the overall model
performance may not be as successful at predicting the
responses of job-seekers and non-job-seekers with their own
specialized models. Thus, the email response prediction
system 200 may utilize a segmented model approach, where
data is split based on some criteria (e.g., features of job-
seekers vs. features of non-jobseekers), and separate models
are trained for different data sets (e.g., features of job-
seekers vs. features of non-jobseckers).

FIG. 17 illustrates examples of an inclusive vector
approach 1 and a segmented model approach 2. In approach
1, a model M may be trained based on a feature vector 1700
including a feature F (e.g., job seeker status), which may
have either a value V1 (e.g., user is a job seeker) and a value
V2 (e.g., user is not a job seeker), as well as other features
in addition to Feature F. Thus, in approach 1, all the features
of both job-seekers and non-job seekers (as well as an
feature F indicating whether a member is a job-seeker or not)
are included in a vector 1700. In contrast, in approach 2, the
data for job-seekers is separated and included in the vector
1701 associated with Model M1, whereas the data for
non-job seekers is separated and included in the vector 1702
for Model M2, and each model M1 and M2 is trained
separately. Thus, in approach 2, all the data examples for
job-seekers are included in a first model M1 and all the data
examples for non-job-seekers are included in a second
model M2, and each model is trained separately. In some
cases, the overall performance may be better with this
approach, particularly if the behavior of job-seekers and
non-job seekers is dramatically different. For example, when
a new member joins a network, the system 200 may deter-
mine if the member is a job seeker and, if so, the system 200
may utilize model M1 to predict that new member’s behav-
ior, (whereas the system 200 may utilize model M2 if that
new member is not a job seeker). The example of job-
seekers described here is merely exemplary, and it is under-
stood that such a segmented model approach may be utilized
for any other feature (e.g., members viewing from a mobile
device versus members viewing from a PC, members with
a regular subscription versus members with a premium
subscription, etc.). Thus, it is understood that while the
system 200 may include all features or a subset of all
features in vectors, such information does not necessarily
have to be used as features in a vector but can also be used
in a different manner (e.g., a segmented model approach).
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Various techniques and embodiments described herein
may be applied in the context of a Delivery Time Optimi-
zation (DTO) process or campaign. For example, the email
response prediction system 200 may identify when would be
the best time to deliver/send email(s) to members in accor-
dance with DTO, in order to improve the response rate
(clicks, conversions, etc.) to the email(s) by sending the
email(s) at the most appropriate time. For example, the
email response prediction system 200 may predict a person-
alized delivery time (which could be in the form of day-of-
week and/or hour-of-day value, etc.) for a given member and
email pair. The email response prediction system 200 may
utilize a member’s profile data (context information, geolo-
cation information, access time information, etc), as well as
a member’s historical activities on emails and on the site,
and any other features as described herein, in order to predict
the aforementioned personalized delivery time. In a case
where there are multiple emails to send in a given time
window (e.g., emails selected in connection with an email
portfolio optimization process, as described in various
embodiments herein), the email response prediction system
200 may predict when exactly to send such emails.

For example, as described herein, the email response
prediction system 200 is configured to predict a likelihood of
a particular user X performing a particular user action Y on
a particular message content item 7. According to various
embodiments, the email response prediction system 200
may utilize this approach to determine the optimum person-
alized delivery time to transmit a message to a particular
member of an online social network service. For example, in
some embodiments, the email response prediction system
200 may determine, for each of a plurality of time intervals,
a likelihood of a particular member of an online social
network service performing a particular user action on a
particular message content item during the corresponding
time interval. The plurality of time intervals may then be
ranked, based on the determined likelihoods corresponding
to the plurality of time intervals. Thereafter, a particular time
interval that is associated with a highest ranking may be
identified from among the plurality of time intervals. The
particular time interval may then be classified as an optimum
personalized message delivery time for the particular mem-
ber.

In some embodiments, one of the features utilized in
predicting the likelihood that a member will interact with a
message content item is the current time zone of the member
(i.e., the time zone associated with the current location of the
member). For example, the email response prediction sys-
tem 200 may include a time zone inference module 210 (see
FIG. 2) configured to determine the current time zone of the
member. The operation of the time zone inference module
210 is described in greater detail below. Thus, a time zone
feature (e.g., a numerical value indicating a time zone
associated with a given member) may then be input into the
feature vector for the purposes of performing prediction
modeling, consistent with various embodiments described
herein. For example, with reference to FIG. 5, such feature
(s) may be included in the feature vector 504 including the
member profile data. Alternatively, as illustrated in FIG. 18,
such time zone feature(s) may be included in a separate time
zone feature vector 1807 that may be passed into the
assembled feature vector 510, consistent with various
embodiments described herein.

Time zone feature(s) may be useful for determining the
likelihood that a particular member in a particular time zone
will perform a particular user action on a particular message
content item, since such features may be utilized to identify
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trends of how other members located in a particular time
zone responded to e-mails. For example, it may be the case
that most users in a particular time zone (e.g., the Pacific
time zone (PST)) tend to respond strongly to e-mails in the
afternoon, local PST, whereas most users in another time
zone (e.g., China standard Time zone (CST)) tend to respond
more strongly to e-mails in the morning, local CST. Thus,
the prediction models described herein may be trained on a
time zone feature in conjunction with various other features
described herein, in order to determine the weight or rel-
evance of such features in predicting how likely it is the user
will interact with a particular content item during a particu-
lar time interval. For example, the prediction models
described herein may be trained based on training data
indicating how members located in each time zone have
interacted with e-mail content during various local times of
the day. Thus, when performing an online inference to
determine the likelihood that a particular member located in
a particular time zone will interact in some manner with a
particular content item, the historical interactions by other
members in that time zone may be utilized in the prediction
modeling.

In some embodiments, one of the features utilized in
predicting the likelihood that a member will interact with a
message content item is experimental data indicating the
results of various e-mail response experiments. For example,
the email response prediction system 200 may include an
experiment module 212 configured to transmit messages to
a plurality of members at various local times (e.g., times of
the day) and analyze the response to the messages. For
example, the experiment module 212 may send messages to
users in each location at different (e.g., random or fixed)
times of the day, and by analyzing how the users interact
with the transmitted e-mails, the experiment module 212
may determine which times of the day produce the best
responses to the messages (e.g., as measured by click
through rates) in that time zone. The operation of the
experiment module 212 is described in greater detail below.
Such experiment features (e.g., numerical values indicating
message experiment response metrics associated with each
of various locations or time zones) may then be input into a
feature vector for the purposes of performing prediction
modeling, consistent with various embodiments described
herein. For example, with reference to FIG. 5, such feature
(s) may be included in the feature vector 502 including the
member e-mail interaction data. Alternatively, as illustrated
in FIG. 18, such experiment feature(s) may be included in a
separate experiment data feature vector 1808 that may be
passed into the assembled feature vector 510, consistent
with various embodiments described herein.

The experimental feature(s) described above may be
useful for determining the likelihood that a particular mem-
ber will perform a particular user action on a particular
e-mail content item, since such features may be utilized to
identify trends of how other members located in a particular
time zone have responded to e-mails during experiments.
For example, it may be the case that most users in a
particular geographic location have responded strongly to
e-mails in the afternoon in response to the experiments
described herein, whereas most users in another location
have responded more strongly to e-mails in the morning in
response to the experiments described herein. Thus, the
prediction models described herein may be trained on
experiment feature data in conjunction with various other
features described herein, in order to determine the weight
or relevance of such features in predicting how likely it is the
user will interact with a particular content item during a



US 9,473,446 B2

21

particular time interval. For example, the prediction models
described herein may be trained based on training data
indicating experiment response metrics associated with
members located in each time zone. Thus, when performing
an online inference to determine the likelihood that a par-
ticular member located in a particular time zone will interact
in some manner with a particular content item, the experi-
mental results indicating interactions by other members in
that time zone may be utilized in the prediction modeling.

In some embodiments, the flow illustrated in FIG. 18 may
be performed in connection with each time zone. For
example, the prediction module 204 may be trained based on
training data associated with members in the particular time
zone (e.g., the features included in the vectors 501-506,
1807, and 1808 may be associated with members located in
a particular time zone), in order to generate a model opti-
mized for that particular time zone. In some embodiments,
a single prediction module 204 may perform the modeling
for each time zone. In other embodiments, multiple predic-
tion modules 204 may be provided, with each prediction
module performing modeling for a given time zone.

FIG. 19 is a flowchart illustrating an example method
1900, consistent with various embodiments described
above. The method 1900 may be performed at least in part
by, for example, the email response prediction system 200
illustrated in FIG. 2 (or an apparatus having similar mod-
ules, such as one or more client machines or application
servers). In operation 1901, the prediction module 204
determines, for each of a plurality of time intervals, a
likelihood of a particular member of an online social net-
work service performing a particular member user action on
a particular message content item during the corresponding
time interval. In some embodiments, the message content
item corresponds to at least one of an email message, a text
message, a social network instant message, and a chat
message. In some embodiments, each of the plurality of time
intervals corresponds to a particular hour of the day. In some
embodiments, each of the plurality of time intervals corre-
sponds to a particular day of the week. The time interval
could also be any other time interval, such as an interval
measured in seconds, minutes, days, weeks, months, sea-
sons, etc.

In operation 1902, the prediction module 204 ranks the
plurality of time intervals, based on the determined likeli-
hoods corresponding to the plurality of time intervals. For
example, the time interval associated with the highest like-
lihood may be ranked highest/first, the time interval asso-
ciated with the second highest likelihood may be ranked
second, and so on. In operation 1903, the prediction module
204 identifies a particular time interval from among the
plurality of time intervals that is associated with a highest
ranking. For example, if each of the time intervals corre-
sponds to a particular hour of the day, then the prediction
module 204 will identify the hour of the day when the
particular member is most likely to perform the particular
user action on the message content item. In operation 1904,
the prediction module 204 classifies the particular time
interval as an optimum personalized message delivery time
for the particular member. For example, if the time interval
associated with the highest likelihood is 2-3 pm, then the
optimum personalized message delivery time may be set to
2-3 pm. Alternatively, the optimum personalized message
delivery time may be set to a particular time or smaller time
interval within the relevant time interval (e.g., 2:30 PM), or
another time interval that is associated with the relevant time
interval (e.g., the preceding hour, such as 1-2 PM), or a
greater time interval that includes the relevant time interval
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(e.g., 1-5 PM, etc.). Thereafter, the prediction module 204
may adjust message delivery preferences associated with the
particular member to indicate the optimum personalized
message delivery time. Further, the prediction module 204
may transmit a message to the particular member at the
optimum personalized message delivery time, based on the
updated message delivery preferences associated with the
particular member. It is contemplated that the operations of
method 1900 may incorporate any of the other features
disclosed herein. Various operations in the method 1900 may
be omitted or rearranged, as necessary.

Time Zone Inference Module 210

According to various example embodiments, the time
zone inference module 210 is configured to determine a time
zone in which a user (e.g., a member of an online social
network service) is located.

For example, in accordance with one example embodi-
ment, the time zone inference module 210 may utilize a
combination of member profile attributes and IP address
login information associated with a member in order to
determine the current time zone of the member. For
example, the time zone inference module 210 may first
analyze member profile attributes of the member in order to
determine if they are currently located in a particular coun-
try. For example, the time zone inference module 210 may
identify whether a user-specified country attribute identify-
ing a particular country is defined in the member profile
information of the member (e.g., as a result of the member
specifying their current country of residence when they
opened a member account on the online social network
service). Thereafter, the time zone inference module 210
may access publicly available time zone information indi-
cating time zones associated with each of a plurality of
countries. If the time zone inference module 210 determines
that a single time zone is associated with the particular
country, the time zone inference module 210 may determine
that the member is currently located in that single time zone.
On the other hand, if the time zone inference module 210
determines that multiple time zones are associated with the
particular country, then the time zone inference module 210
may access the last IP address associated with the last
member login request from that member (e.g., from the last
time that member logged into a website). Based on this IP
address, the time zone inference module 210 may determine
a geographic location (e.g., a city) associated with the IP
address, and a time zone associated with that geographic
location, in order to ultimately identify the specific time
zone (from among the multiple time zones in that country)
that the particular member is currently located in.

According to various example embodiments, the time
zone inference module 210 may utilize any one of various
factors in order to determine the current time zone of the
member. For example, the time zone inference module 210
may analyze member profile attributes associated with the
member (e.g., a user-specified country attribute, a current
employer attribute, a current educational attribute, etc.). For
example, as described above, the time zone inference mod-
ule 210 may determine that the member is likely located in
a particular geographic location based on a user-specified
country attribute or contact information defined in the mem-
ber profile information of the member (e.g., as a result of the
member specifying their current country or contact infor-
mation when they opened a member account on the online
social network service). As another example, the time zone
inference module 210 may determine that a particular mem-
ber is currently located in a particular geographic location,
if a current education attribute included in the member
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profile associated with that particular member indicates an
educational institution located in the particular country. As
another example, the time zone inference module 210 may
determine that a particular member is currently located in a
particular geographic location, if a current employer attri-
bute included in the member profile associated with that
particular member indicates an employer located in that
geographic location. Examples of member profile attributes
include, without limitation, name, title, industry, geographic
location, contact information, current employer, previous
employer, current educational institution, previous educa-
tional institution, degree, skills, recommendations, endorse-
ments, company size, seniority level, and so on. The time
zone inference module 210 may then identify a time zone
associated with a geographic location (based on publically
available data indicating correspondences between geo-
graphic locations and time zones), and determine that the
member is currently located in that particular time zone.

In some embodiments, the time zone inference module
210 may also take into account member behavioral activity,
such as interactions or social activity information posted in
connection with various products or features of a website
(e.g., the online social network service such as LinkedIn).
For example, if the member posts information on an online
social network (e.g., Facebook, LinkedIn, Twitter, etc.)
indicating that they are currently located at a particular
venue (e.g., a “check-in” or status update on Facebook or
LinkedIn at a restaurant, event, convention hall, store, city,
etc.), the time zone inference module 210 may determine
that the member is currently located at that venue, and may
identify the geographic location of that venue. The time zone
inference module 210 may then identify the time zone in
which that venue is located (based on publically available
data indicating correspondences between geographic loca-
tions and time zones), in order to ultimately determine that
the member is currently located in that time zone.

In some embodiments, the time zone inference module
210 may access geolocation information from a mobile
device of the member, based on any known geolocation
techniques. Thereafter, by determining that the member is
currently located in a particular geographic location (e.g., a
particular city), the time zone inference module 210 may
identify a time zone associated with that geographic location
(based on publically available data indicating correspon-
dences between geographic locations and time zones), and
determine that the member is currently located in that
particular time zone.

In some embodiments, the time zone inference module
210 may access IP address information associated with login
requests received from the member (e.g., when a member
logs into a website, such as website associated with an
online social network service). By accessing a recent IP
address (e.g., from the last 24 hours) utilized by the member
to login to the site, the time zone inference module 210 may
then use known IP address lookup techniques to identify a
geographic location associated with this IP address (e.g., a
city or state). The time zone inference module 210 may
identify a time zone associated with that geographic location
(based on publically available data indicating correspon-
dences between geographic locations and time zones), and
determine that the member is currently located in that
particular time zone.

It is understood that the time zone inference module 210
described herein may utilize any combination of the afore-
mentioned sources of information (e.g., member profile data,
member behavioral activity, member interactions with the
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site, geolocation information, IP address login information,
and so on) in order to determine the particular time zone of
the member.

For example, in some embodiments, the time zone infer-
ence module 210 may take into account any combination of
the aforementioned sources of information in order to deter-
mine a probability or “confidence score” indicating the
likelihood that the member is currently located in a particu-
lar time zone. For example, in some embodiments, weights
may be assigned to each of the various sources of informa-
tion (including user-specified country attribute in the mem-
ber profile data, a current university attribute in the member
profile data, a current employer attribute in the member
profile data, current location or “check-in” information
displayed in a post or status update by the member on an
online social network service, geolocation information, IP
address login information, and so on). Thus, in some
example embodiments, the time zone inference module 210
may determine the current time zone of the member based
on different sources of information, and if there is a dis-
crepancy in these determinations, the time zone inference
module 210 may place a greater emphasis on the determi-
nation from a first source of information if that first source
of information is associated with a higher weight. As an
example, the time zone inference module 210 may place a
lower weight on member profile data of the member, but a
higher weight in the geolocation information from the
member’s mobile device. Accordingly, if the member profile
data of the member indicates that the member is currently
located in the US, but the geolocation information from the
mobile device of the member indicates a location in Ban-
galore, India, the time zone inference module 210 may
determine that the member is currently located in the time
zone associated with Bangalore, India, due to the higher
weight assigned to the geolocation information. Put another
way, in this example, the geolocation information effectively
overrides the information from the member profile data of
the member. Thus, the time zone inference module 210 may
generate a higher confidence score associated with the
possibility that the member is located in the time zone
associated with Bangalore, India.

In some embodiments, the time zone inference module
210 may display a user interface allowing a user of the time
zone inference module 210 (e.g., an administrator or website
personnel) to adjust any of the aforementioned weights, in
accordance with campaign goals and various product objec-
tives. For example, the success of some e-mail products may
depend on understanding the current time zone of the
member, in order to effectively target emails and other
content to the member. If it is important for a particular
product to have access to the real-time time zone of the
member (e.g., perhaps for an e-mail being sent immedi-
ately), then the geolocation information, IP address infor-
mation, or the social activity information may be given
greater importance and be assigned a higher weight, whereas
the member profile data may be assigned smaller weight. On
the other hand, if it is important for a particular product to
have access to a stable long-term time zone of the member
(e.g., perhaps for weekly or monthly digest e-mails being
transmitted to the member), then perhaps the member profile
data may be assigned a higher weight in comparison to other
sources of information.

As described above, the time zone inference module 210
may take into account any combination of the aforemen-
tioned sources of information in order to determine a prob-
ability or “confidence score” indicating the likelihood that
the member is currently located in a particular time zone. In
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some embodiments, the time zone inference module 210
may perform prediction modeling, using one or more pre-
diction models (e.g., statistical machine learning models), in
order to generate the aforementioned confidence score.
Examples of prediction models include a logistic regression
model, a Naive Bayes model, a support vector machines
(SVM) model, a decision trees model, and a neural network
model. For example, in some embodiments, a prediction
model may be trained based on feature data (e.g., member
profile data, social activity information, geolocation infor-
mation, IP address login information, etc.) associated with a
large plurality of members located in known time zones.
Once trained, the prediction module may receive available
features associated with a single particular member (e.g.,
member profile data, social activity information, geolocation
information, IP address login information, etc.) in order to
determine the likelihood that this member is currently
located in a particular time zone.

In some embodiments, the time zone inference module
210 may take into account historical data associated with
any of the aforementioned sources of information in order to
detect a change in time zone associated with the member,
and in order to determine whether such a change in time
zone represents a permanent or temporary change in time
zone. For example, by examining the IP address information
associated with the member, the time zone inference module
210 may detect a change in the IP address used by the
member to login to the site. Based on this information, the
time zone inference module 210 may determine not only the
current time zone of the member as describe above, but also
that the current time zone of the member represents a change
in time zone. Moreover, by analyzing a log of the previous
1P addresses used by the member to login to the site, the time
zone inference module 210 may determine that, since only
the last IP address has changed, there is a high confidence
score or likelihood that this is only a temporary change in
time zone. This confidence score or likelihood may be
reinforced by any of the other aforementioned sources of
information (e.g., member profile data, social activity infor-
mation, etc., which may not indicate any historical change).
On the other hand, if the time zone inference module 210
determines that the last 20 IP addresses used to login to the
site have changed to correspond to a new geographic loca-
tion, and that the member profile data of the member
indicates a new employer located at that geographic loca-
tion, then the time zone inference module 210 may deter-
mine that there is a high confidence score or likelihood that
this is a permanent change in time zone. In some embodi-
ments, feature data including such historical information
may be fed into a prediction model in order to compute
confidence scores, as described in more detail above.

The confidence score indicating the likelihood that a
change in time zone represents a permanent or temporary
change may be valuable in different ways, depending on the
relevant product or services utilizing this information in
accordance with various campaign goals and product objec-
tives. For example, if it is important for a particular product
to have access to the real-time time zone of the member
(e.g., perhaps for an e-mail being sent immediately), even if
this represents a temporary change in time zone, then the
time zone inference module 210 may simply utilize the
current time zone of the member. On the other hand, suppose
it is important for a particular product to have access to the
long-term time zone of the member (e.g., perhaps for weekly
or monthly digest e-mails being transmitted to the member).
In such case, the determination that the current time zone
represents a temporary change in time zone may result in the
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previously established time zone of the member being
utilized. On the other hand, the determination that the
current time zone represents a permanent change in time
zone may result in the current time zone being utilized.
Experiment Module 212

According to various example embodiments, the experi-
ment module 212 is configured to identify the optimum time
for delivering messages (e.g., e-mails) to users in different
geographic locations (e.g., different time zones). The experi-
ment module 212 may identify optimum local message
delivery times by performing various message response
experiments with respect to users in each location. For
example, the experiment module 212 may send messages to
users in each location at different (e.g., random) times of the
day, and by analyzing how the users interact with the
transmitted e-mails, the experiment module 212 may deter-
mine which times of the day produce the best responses to
the messages (e.g., as measured by click through rates) in
that time zone. For instance, in some embodiments, the
experiment module 212 may identify a test segment/base of,
for example, 5000 members of an online social network
service that are currently located in a particular time zone.
Thereafter, during an experiment cycle (e.g., one week), the
experiment module 212 may transmit 5000 instances of an
e-mail, one to each of the 5000 members, at random times
of the day. In other words, each of the 5000 members may
receive the e-mail once during the week-long experiment
cycle at a random time of the day. By analyzing response
metric associated with each of the e-mails, the experiment
module 212 may determine that, for example, e-mails trans-
mitted at a particular time of day (e.g., 2:35 PM) or at a
particular time interval (e.g., between 1.30 PM and 4 PM)
tend to receive much higher response metrics (e.g., click
through rates) in comparison to the messages transmitted at
other times of the day or at other time intervals. The
experiment module 212 may then classify such a time (or
time interval) as an optimum local delivery time. In some
embodiments, the experiment module 212 may classify the
optimum local delivery time as a time interval (e.g., a
one-hour “bucket”) that includes the original e-mail trans-
mission time that was associated with the highest response
metric. For example, if messages transmitted at 2:35 PM
tend to have the best response metrics, the experiment
module 212 may determine that the optimum local delivery
time is 2 PM to 3 PM.

In some embodiments, the geographic locations described
herein may correspond to any known type of location, such
as a time zone, building, street, neighbourhood, suburb, city,
county, state, region, country, latitude, longitude, etc. The
experiment module 212 may determine that a member is
currently located in a particular time zone based on, for
example, output from the time zone inference module 210
(e.g., after querying the time zone inference module 210). In
some embodiments, the messages described herein may be
any type of electronic message, including an e-mail, text
message (e.g., a short messaging service (SMS) message, a
multimedia messaging service (MMS) message, etc.), an
instant message associated with an online social network
(e.g., Facebook, LinkedIn, Wechat, WhatsApp, etc.), a chat
message associated with an online chat service, and so on.

In some embodiments, the response metrics described
herein may correspond to any type of metric for measure-
ment of how a user interacts with or responds to a content
item such as a message. For example, the response metric
may correspond to an access rate indicating rates at which
users open, view, or access a message (e.g., by clicking on
the message in an inbox in order to open and view the
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message). Such an access rate may measure the number of
access events in comparison to a number of impressions
(e.g., the number of times the message was transmitted). The
response metric may also correspond to a raw number of
access events, a number of access events during a predeter-
mined time interval, and so on. In some embodiments, the
response metric may correspond to a click through rate
indicating rates at which users click on some content within
the message (e.g., a reference link that takes the user to a
site). Such a click through rate may measure the number of
clicks in comparison to a number of impressions (e.g., the
number of times the message was rendered to users). The
response metric may also correspond to a raw number of
clicks, a number of clicks during a predetermined time
interval, and so on. In some embodiments, the response
metric may correspond to a reply rate indicating rates at
which users reply to the message. Such a reply rate may
measure the number of replies in comparison to a number of
impressions (e.g., the number of times the message was
rendered and viewed by users, or the number of times the
message was transmitted to users). The response metric may
also correspond to a raw number of replies, a number of
replies to during a predetermined time interval, and so on.
Similarly, other types of response metrics capturing other
possible types of responses may be utilized (e.g., specific
user interface movements such as swipes, expanding con-
tent, zooming in and out of content, conversions, deletions
of content, unsubscribes, marking content as spam, hover
responses, etc.).

In some embodiments, the experiment module 212 may
simply transmit e-mails at random times of the day during an
experiment cycle, as described above. In other embodi-
ments, the experiment module 212 may transmit the e-mails
at predetermined or fixed times of the day (as opposed to
random times of the day). For example, the experiment
module 212 may display a user interface enabling a user of
the email response prediction system 200 to specify exact
times when e-mails should be transmitted, or to specify that
e-mails should be transmitted at fixed intervals (e.g., every
second, every minute, every 30 minutes, every hour, etc.).

In some embodiments, the techniques described herein
may be utilized to determine not only an optimum time of
the day to transmit e-mails, but also an optimum day of the
week to transmit e-mails. For example, the experiment
module 212 may transmit e-mails to each of the 5000
members in the test base at the same time of the day (e.g.,
10 AM) on a random weekday doing the given experiment
cycle, and may analyze the results to determine if e-mails
transmitted on a certain day of the week tend to produce
greater response metrics.

Example Mobile Device

FIG. 20 is a block diagram illustrating the mobile device
2000, according to an example embodiment. The mobile
device may correspond to, for example, one or more client
machines or application servers. One or more of the modules
of the system 200 illustrated in FIG. 2 may be implemented
on or executed by the mobile device 2000. The mobile
device 2000 may include a processor 2010. The processor
2010 may be any of a variety of different types of commer-
cially available processors suitable for mobile devices (for
example, an XScale architecture microprocessor, a Micro-
processor without Interlocked Pipeline Stages (MIPS) archi-
tecture processor, or another type of processor). A memory
2020, such as a Random Access Memory (RAM), a Flash
memory, or other type of memory, is typically accessible to
the processor 2010. The memory 2020 may be adapted to
store an operating system (OS) 2030, as well as application
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programs 2040, such as a mobile location enabled applica-
tion that may provide location based services to a user. The
processor 2010 may be coupled, either directly or via
appropriate intermediary hardware, to a display 2050 and to
one or more input/output (I/O) devices 2060, such as a
keypad, a touch panel sensor, a microphone, and the like.
Similarly, in some embodiments, the processor 2010 may be
coupled to a transceiver 2070 that interfaces with an antenna
2090. The transceiver 2070 may be configured to both
transmit and receive cellular network signals, wireless data
signals, or other types of signals via the antenna 2090,
depending on the nature of the mobile device 2000. Further,
in some configurations, a GPS receiver 2080 may also make
use of the antenna 2090 to receive GPS signals.

Modules, Components and Logic

Certain embodiments are described herein as including
logic or a number of components, modules, or mechanisms.
Modules may constitute either software modules (e.g., code
embodied (1) on a non-transitory machine-readable medium
or (2) in a transmission signal) or hardware-implemented
modules. A hardware-implemented module is a tangible unit
capable of performing certain operations and may be con-
figured or arranged in a certain manner. In example embodi-
ments, one or more computer systems (e.g., a standalone,
client or server computer system) or one or more processors
may be configured by software (e.g., an application or
application portion) as a hardware-implemented module that
operates to perform certain operations as described herein.

In various embodiments, a hardware-implemented mod-
ule may be implemented mechanically or electronically. For
example, a hardware-implemented module may comprise
dedicated circuitry or logic that is permanently configured
(e.g., as a special-purpose processor, such as a field pro-
grammable gate array (FPGA) or an application-specific
integrated circuit (ASIC)) to perform certain operations. A
hardware-implemented module may also comprise program-
mable logic or circuitry (e.g., as encompassed within a
general-purpose processor or other programmable proces-
sor) that is temporarily configured by software to perform
certain operations. It will be appreciated that the decision to
implement a hardware-implemented module mechanically,
in dedicated and permanently configured circuitry, or in
temporarily configured circuitry (e.g., configured by soft-
ware) may be driven by cost and time considerations.

Accordingly, the term “hardware-implemented module”
should be understood to encompass a tangible entity, be that
an entity that is physically constructed, permanently con-
figured (e.g., hardwired) or temporarily or transitorily con-
figured (e.g., programmed) to operate in a certain manner
and/or to perform certain operations described herein. Con-
sidering embodiments in which hardware-implemented
modules are temporarily configured (e.g., programmed),
each of the hardware-implemented modules need not be
configured or instantiated at any one instance in time. For
example, where the hardware-implemented modules com-
prise a general-purpose processor configured using software,
the general-purpose processor may be configured as respec-
tive different hardware-implemented modules at different
times. Software may accordingly configure a processor, for
example, to constitute a particular hardware-implemented
module at one instance of time and to constitute a different
hardware-implemented module at a different instance of
time.

Hardware-implemented modules can provide information
to, and receive information from, other hardware-imple-
mented modules. Accordingly, the described hardware-
implemented modules may be regarded as being communi-
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catively coupled. Where multiple of such hardware-
implemented  modules exist contemporaneously,

communications may be achieved through signal transmis-
sion (e.g., over appropriate circuits and buses) that connect
the hardware-implemented modules. In embodiments in
which multiple hardware-implemented modules are config-
ured or instantiated at different times, communications
between such hardware-implemented modules may be
achieved, for example, through the storage and retrieval of
information in memory structures to which the multiple
hardware-implemented modules have access. For example,
one hardware-implemented module may perform an opera-
tion, and store the output of that operation in a memory
device to which it is communicatively coupled. A further
hardware-implemented module may then, at a later time,
access the memory device to retrieve and process the stored
output. Hardware-implemented modules may also initiate
communications with input or output devices, and can
operate on a resource (e.g., a collection of information).

The various operations of example methods described
herein may be performed, at least partially, by one or more
processors that are temporarily configured (e.g., by soft-
ware) or permanently configured to perform the relevant
operations. Whether temporarily or permanently configured,
such processors may constitute processor-implemented
modules that operate to perform one or more operations or
functions. The modules referred to herein may, in some
example embodiments, comprise processor-implemented
modules.

Similarly, the methods described herein may be at least
partially processor-implemented. For example, at least some
of the operations of a method may be performed by one or
processors or processor-implemented modules. The perfor-
mance of certain of the operations may be distributed among
the one or more processors, not only residing within a single
machine, but deployed across a number of machines. In
some example embodiments, the processor or processors
may be located in a single location (e.g., within a home
environment, an office environment or as a server farm),
while in other embodiments the processors may be distrib-
uted across a number of locations.

The one or more processors may also operate to support
performance of the relevant operations in a “cloud comput-
ing” environment or as a “software as a service” (SaaS). For
example, at least some of the operations may be performed
by a group of computers (as examples of machines including
processors), these operations being accessible via a network
(e.g., the Internet) and via one or more appropriate interfaces
(e.g., Application Program Interfaces (APIs).)

Electronic Apparatus and System

Example embodiments may be implemented in digital
electronic circuitry, or in computer hardware, firmware,
software, or in combinations of them. Example embodi-
ments may be implemented using a computer program
product, e.g., a computer program tangibly embodied in an
information carrier, e.g., in a machine-readable medium for
execution by, or to control the operation of, data processing
apparatus, e.g., a programmable processor, a computer, or
multiple computers.

A computer program can be written in any form of
programming language, including compiled or interpreted
languages, and it can be deployed in any form, including as
a stand-alone program or as a module, subroutine, or other
unit suitable for use in a computing environment. A com-
puter program can be deployed to be executed on one
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computer or on multiple computers at one site or distributed
across multiple sites and interconnected by a communication
network.

In example embodiments, operations may be performed
by one or more programmable processors executing a com-
puter program to perform functions by operating on input
data and generating output. Method operations can also be
performed by, and apparatus of example embodiments may
be implemented as, special purpose logic circuitry, e.g., a
field programmable gate array (FPGA) or an application-
specific integrated circuit (ASIC).

The computing system can include clients and servers. A
client and server are generally remote from each other and
typically interact through a communication network. The
relationship of client and server arises by virtue of computer
programs running on the respective computers and having a
client-server relationship to each other. In embodiments
deploying a programmable computing system, it will be
appreciated that that both hardware and software architec-
tures require consideration. Specifically, it will be appreci-
ated that the choice of whether to implement certain func-
tionality in permanently configured hardware (e.g., an
ASIC), in temporarily configured hardware (e.g., a combi-
nation of software and a programmable processor), or a
combination of permanently and temporarily configured
hardware may be a design choice. Below are set out hard-
ware (e.g., machine) and software architectures that may be
deployed, in various example embodiments.

Example Machine Architecture and Machine-Readable
Medium

FIG. 21 is a block diagram of machine in the example
form of a computer system 2100 within which instructions,
for causing the machine to perform any one or more of the
methodologies discussed herein, may be executed. In alter-
native embodiments, the machine operates as a standalone
device or may be connected (e.g., networked) to other
machines. In a networked deployment, the machine may
operate in the capacity of a server or a client machine in
server-client network environment, or as a peer machine in
a peer-to-peer (or distributed) network environment. The
machine may be a personal computer (PC), a tablet PC, a
set-top box (STB), a Personal Digital Assistant (PDA), a
cellular telephone, a web appliance, a network router, switch
or bridge, or any machine capable of executing instructions
(sequential or otherwise) that specify actions to be taken by
that machine. Further, while only a single machine is illus-
trated, the term “machine” shall also be taken to include any
collection of machines that individually or jointly execute a
set (or multiple sets) of instructions to perform any one or
more of the methodologies discussed herein.

The example computer system 2100 includes a processor
2102 (e.g., a central processing unit (CPU), a graphics
processing unit (GPU) or both), a main memory 2104 and a
static memory 2106, which communicate with each other
via a bus 2108. The computer system 2100 may further
include a video display unit 2110 (e.g., a liquid crystal
display (LCD) or a cathode ray tube (CRT)). The computer
system 2100 also includes an alphanumeric input device
2112 (e.g., a keyboard or a touch-sensitive display screen),
a user interface (UI) navigation device 2114 (e.g., a mouse),
a disk drive unit 2116, a signal generation device 2118 (e.g.,
a speaker) and a network interface device 2120.
Machine-Readable Medium

The disk drive unit 2116 includes a machine-readable
medium 2122 on which is stored one or more sets of
instructions and data structures (e.g., software) 2124
embodying or utilized by any one or more of the method-
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ologies or functions described herein. The instructions 2124
may also reside, completely or at least partially, within the
main memory 2104 and/or within the processor 2102 during
execution thereof by the computer system 2100, the main
memory 2104 and the processor 2102 also constituting
machine-readable media.

While the machine-readable medium 2122 is shown in an
example embodiment to be a single medium, the term
“machine-readable medium” may include a single medium
or multiple media (e.g., a centralized or distributed database,
and/or associated caches and servers) that store the one or
more instructions or data structures. The term “machine-
readable medium” shall also be taken to include any tangible
medium that is capable of storing, encoding or carrying
instructions for execution by the machine and that cause the
machine to perform any one or more of the methodologies
of the present invention, or that is capable of storing,
encoding or carrying data structures utilized by or associated
with such instructions. The term “machine-readable
medium” shall accordingly be taken to include, but not be
limited to, solid-state memories, and optical and magnetic
media. Specific examples of machine-readable media
include non-volatile memory, including by way of example
semiconductor memory devices, e.g., Frasable Program-
mable Read-Only Memory (EPROM), Electrically Erasable
Programmable Read-Only Memory (EEPROM), and flash
memory devices; magnetic disks such as internal hard disks
and removable disks; magneto-optical disks; and CD-ROM
and DVD-ROM disks.

Transmission Medium

The instructions 2124 may further be transmitted or
received over a communications network 2126 using a
transmission medium. The instructions 2124 may be trans-
mitted using the network interface device 2120 and any one
of'a number of well-known transfer protocols (e.g., HTTP).
Examples of communication networks include a local area
network (“LAN”), a wide area network (“WAN”), the Inter-
net, mobile telephone networks, Plain Old Telephone
(POTS) networks, and wireless data networks (e.g., WiFi,
LTE, and WiMAX networks). The term “transmission
medium” shall be taken to include any intangible medium
that is capable of storing, encoding or carrying instructions
for execution by the machine, and includes digital or analog
communications signals or other intangible media to facili-
tate communication of such software.

Although an embodiment has been described with refer-
ence to specific example embodiments, it will be evident that
various modifications and changes may be made to these
embodiments without departing from the broader spirit and
scope of the invention. Accordingly, the specification and
drawings are to be regarded in an illustrative rather than a
restrictive sense. The accompanying drawings that form a
part hereof, show by way of illustration, and not of limita-
tion, specific embodiments in which the subject matter may
be practiced. The embodiments illustrated are described in
sufficient detail to enable those skilled in the art to practice
the teachings disclosed herein. Other embodiments may be
utilized and derived therefrom, such that structural and
logical substitutions and changes may be made without
departing from the scope of this disclosure. This Detailed
Description, therefore, is not to be taken in a limiting sense,
and the scope of various embodiments is defined only by the
appended claims, along with the full range of equivalents to
which such claims are entitled.

Such embodiments of the inventive subject matter may be
referred to herein, individually and/or collectively, by the
term “invention” merely for convenience and without
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intending to voluntarily limit the scope of this application to
any single invention or inventive concept if more than one
is in fact disclosed. Thus, although specific embodiments
have been illustrated and described herein, it should be
appreciated that any arrangement calculated to achieve the
same purpose may be substituted for the specific embodi-
ments shown. This disclosure is intended to cover any and
all adaptations or variations of various embodiments. Com-
binations of the above embodiments, and other embodi-
ments not specifically described herein, will be apparent to
those of skill in the art upon reviewing the above descrip-
tion.

What is claimed is:

1. A method comprising:

determining, by a machine including a memory and at

least one processor, for each of a plurality of time
intervals, a likelihood of a first member of an online
social network service performing a particular action
on a particular message content item during the corre-
sponding time interval by:

identifying a second member of the online social network

service based on first member profile data of the first
member,

receiving first geolocation data indicating a current loca-

tion of the first member in real time from a client device
of the first member,
determining a weight for the second member based on
second member profile data of the second member,
second geolocation data of the second member, the first
member profile data, and the first geolocation data, and

determining the likelihood of the first member performing
the particular action on the particular message content
item during the corresponding time interval using the
second member profile data, the second geolocation
data and the determined weight;

ranking the plurality of time intervals, based on the

determined likelihoods corresponding to the plurality
of time intervals;

identifying a particular time interval from among the

plurality of time intervals that is associated with a
highest ranking;

classifying the particular time interval as an optimum

personalized message delivery time for the first mem-
ber; and

adjusting a message delivery preference associated with

the first member based on the optimum personalized
message delivery time.

2. The method of claim 1, wherein each of the plurality of
time intervals corresponds to a particular hour of the day.

3. The method of claim 1, wherein each of the plurality of
time intervals corresponds to a particular day of the week.

4. The method of claim 1, wherein the optimum person-
alized message delivery time corresponds to a second time
interval that includes the particular time interval.

5. The method of claim 1, wherein the particular action is
any one of a click response, a non-click response, and a
conversion response.

6. The method of claim 1, wherein the message content
item corresponds to at least one of an email message, a text
message, a social network instant message, and a chat
message.

7. The method of claim 1, further comprising transmitting
a message to the first member at the optimum personalized
message delivery time, based on the adjusted message
delivery preference associated with the first member.
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8. The method of claim 1, wherein the message delivery
preference corresponds to at least one of a frequency of
message delivery and a message content.

9. The method of claim 1, further comprising causing
presentation of the adjusted message delivery preference on
a display device associated with the first member.

10. The method of claim 1, further comprising:

inferring a time zone corresponding to the current location

of the first member; and

adjusting the optimum personalized message delivery

time according to the determined time zone.

11. The method of claim 1, wherein the weight is deter-
mined based on at least one of a degree of connectedness
between the second member and the first member on the
online social network service, a strength of connection
between the second member and the first member, or a
similarity between the first member profile data and the
second member profile data.

12. A system comprising:

a processor, and a memory including instructions, which

when executed by the processor, cause the processor to:

determine, for each of a plurality of time intervals, a

likelihood of a first member of an online social network

service performing a particular action on a particular

message content item during the corresponding time

interval by:

identify a second member of the online social network
service based on first member profile data of the first
member,

receive first geolocation data indicating a current loca-
tion of the first member in real time from a client
device of the first member,

determine a weight for the second member based on
second member profile data of the second member,
second geolocation data of the second member, the
first member profile data, and the first geolocation
data, and

determine the likelihood of the first member perform-
ing the particular action on the particular message
content item during the corresponding time interval
using the second member profile data, the second
geolocation data and the determined weight;

rank the plurality of time intervals, based on the deter-

mined likelihood corresponding to the plurality of time
intervals;
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identify a particular time interval from among the plural-
ity of time intervals that is associated with a highest
ranking;

classify the particular time interval as an optimum per-

sonalized message delivery time for the first member;
and

adjust a message delivery preference associated with the

first member based on the optimum personalized mes-
sage delivery time.

13. A non-transitory machine-readable storage medium
comprising instructions that, when executed by one or more
processors of a machine, cause the machine to perform
operations comprising:

determining, for each of a plurality of time intervals, a

likelihood of a first member of an online social network
service performing a particular action on a particular
message content item during the corresponding time
interval by:

identifying a second member of the online social network

service based on first member profile data of the first
member,

receiving first geolocation data indicating a current loca-

tion of the first member in real time from a client device
of the first member,
determining a weight for the second member based on
second member profile data of the second member,
second geolocation data of the second member, the first
member profile data, and the first geolocation data, and

determining the likelihood of the first member performing
the particular action on the particular message content
item during the corresponding time interval using the
second member profile data, the second geolocation
data and the determined weight;

ranking the plurality of time intervals, based on the

determined likelihoods corresponding to the plurality
of time intervals;

identifying a particular time interval from among the

plurality of time intervals that is associated with a
highest ranking;

classifying the particular time interval as an optimum

personalized message delivery time for the first mem-
ber; and

adjusting a message delivery preference associated with

the first member based on the optimum personalized
message delivery time.
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